Using Ecological Niche Modeling for Biodiversity Conservation Guidance in the Western Podillya (Ukraine): Amphibians. Tytar, V., Mezhzherin, S., Sobolenko, L. -Maximum entropy niche modeling was employed as a tool to assess potential habitat suitability for 13 amphibian species and to map their potential distribution in the Western Podillya (Ukraine). Th e predictor variables used were of climate, topography and human impact (assessed by the Human Footprint). Th e "mean temperature of coldest quarter" and "isothermality" were two of the most important factors in predicting habitat suitability and distribution. Another profound contribution has been displayed by the Human Footprint, meaning that human infrastructure may benefi t amphibians, a phenomenon that perhaps is much more widespread than thought. Areas have been distinguished that in the fi rst place should be of interest to nature conservationists targeting amphibians (exemplifi ed by Bombina variegata) and a map summarizing species richness was produced.
To protect amphibian species, we need a better understanding of what constitutes suitable habitat and where such habitats exist. Habitat suitability mapping can identify areas in need of restoration or preservation (Gibson et al., 2004) and guide conservation plans (Gaston, Williams, 1996) . However, data on species' distributions are oft en sparse, so one option to cope with this problem is to use habitat modeling approaches (Tytar, 2011) . Th ese models describe the environmental requirements of species and use it to produce distribution maps that are a pivotal stage in targeting conservation and recovery eff orts (Elith et al., 2006; Peterson, 2006) . Modeling can be used for revealing species ecological requirements and relationships between the distribution of species and predictive variables, as well as the importance of each variable in model building (Araújo, Guisan, 2006) .
A variety of distribution modeling methods are now available for predicting the potential geographical range of a species. Unfortunately, the performances of most species distribution modeling methods are poor when sample size is small (for instance, < 10). Under these circumstances maximum entropy distribution (Maxent) modeling may be a good choice. Maxent, unlike other distributional modeling techniques, uses only presence and background data instead of presence and absence data. Th is method has been shown to perform well in comparison with alternative approaches (Elith et al., 2006) .
In this study, we employed maximum entropy niche modeling as a tool to assess potential habitat suitability for amphibians and to map the potential distribution of this group for the area of the Western Podillya in Ukraine. More specifi cally, our objectives were to (1) identify the factors associated with (species) habitat distribution; (2) predict potential distributions of the species using known presence observations; and ultimately (as the primary goal) 3) produce a regional map of amphibian species richness for guidance of conservation measures.
S t u d y r e g i o n
Th e Western Podillya is part of the vast Eastern European Plain, bordered by the Dniester River and the Carpathians in the southwest. More specifi cally, the region of our interest is confi ned to a bounding box: Xmin = 24.73326, Xmax = 26.79984, Ymin = 48.43340, Ymax = 50.04167 (fi gures in decimal degrees) and covers an area of about 27 thousand sq. km. Th e average altitude is 320-350 m. Th e climate is Atlantic-continental with the annual mean temperature varying around 7.54 o C and receiving annual precipitation of the average of 650 mm. Western Podillya is occupied by the West Forest-Steppe Zone of Ukraine and belongs to the Continental Biogeographical Region as defi ned by the European Commission and the Council of Europe for evaluation and assessment of nature conservation (European Environmental Agency, 2002) . According to the global land cover database GLC2000 (Bartholome, Belward, 2005) , above 84 % of the area can be classifi ed under the category "cultivated and managed areas", leading to continuously increasing fragmentation of habitats. Only little remains of natural forests stands: "tree cover" (including "broadleaved, deciduous, closed", "needleleaved, evergreen" and "mixed leaf type") occupy just 6.2 % of the study region. However, despite the seemingly large human pressure on the ecosystems, the region yet retains a certain amount of "wilderness", as evidenced by the Human Footprint (HF). HF has been produced through an overlay of a number of global data layers that represent the location of various factors presumed to exert an infl uence on ecosystems: human population distribution, urban areas, roads, navigable rivers, and various agricultural land uses. Th e combined infl uence of these factors yields the Human Infl uence Index (HII) (Sanderson et al., 2002) . Th e HII, in turn, is normalized by global biomes to create the HF dataset, having values ranging from 1 to 100. For the study region the average HF is 40.8, wherein 71 % of the area has values below 40 and 7.2 % -below 20, meaning there may be some good chances for successful nature conservation ventures in the region.
Methods
O c c u r r e n c e D a t a C o l l e c t i o n a n d P r o c e s s i n g
We digitized presence survey data from Sobolenko (2010) E n v i r o n m e n t a l D a t a C o l l e c t i o n a n d P r o c e s s i n g
In most cases environmental predictors are selected based on the availability and experience that the variables show correlation with the species distribution (Guisan, Zimmerman, 2000) . Biotic factors, which are challenging to model explicitly, may nonetheless be implicitly represented in the model because they strongly correlate with abiotic factors (Soberón, Nakamura, 2009; Tytar, 2011) . In such circumstances it is reasonable to assume that biotic processes that lead to the species realized distribution may be captured by the relationship between the environmental predictor variables of abiotic character and the modeled species' occurrence patterns and it is reasonable to consider modeling the distribution only with selected environmental variables a nd meaningful climatic factors identifi ed to be of most importance to amphibians (Girardello et al., 2009 ) and topographic features considered important for shaping amphibian communties (Ford et al., 2002) . In this work, we used climatic predictor data, sourced from the Worldclim dataset (Hijmans et al., 2005) . Th e 19 Worldclim variables represent annual trends (e. g. mean annual temperature, annual precipitation) and extreme limiting environmental factors (e.g. temperature of the coldest and warmest months, precipitation of the wettest or driest quarter) and are known to infl uence species distributions. Th e topography predictor variables selected were: elevation, topographical wetness index (TWI) and aspect. Th ese predictor variables were derived from a digital elevation model (DEM) distributed from the SRTM 90m Database (Jarvis et al., 2008) . Using SAGA-GIS soft ware (http://www.saga-gis.org), 2 layers were calculated from the DEM: aspect (a proxy for the amount of solar radiation on the ground surface) and the topographical wetness index (TWI), because of the important role played by moisture in habitat selection by amphibians (Wyman 1988) . Th e TWI combines a measure of the upslope area and slope to predict the hydrology of a given location (Sorenson et al., 2005) . Small values represent upper catenary positions (dry), and high values represent lower catenary (wet) positions. Finally, as a measure of anthropogenic impact, the Human Footprint (HF) data set, already mentioned above, has been included to the suite of variables for creating the models. All environmental data layers were spatial resolution rasters (~1 km) with the same extent and cell alignment, as required by most modeling soft ware.
Due to the high levels of correlations between many environmental variables, we fi ltered the initial variable set of 23 predictors based on the results of multi-colinearity analysis. High correlations among variables may result in highly unstable performance of the Least Squares Estimator (LSE), which will lead to problems for running species distribution models. Multi-colinearity can be detected by calculating the Variance Infl ation Factor (VIF): VIF = 1/(1-R 2 ), where R 2 is the coeffi cient of determination. Th e rule of the thumb is that VIF > 10 means multi-colinearity may infl uence the LSE. Multi-colinearity was analyzed by using the Multiple Regression Tool in Statistica v.8.0. Removal of the variable with the highest values from the variable-list was followed by re-running colinearity diagnostics, till all the remaining values are below 10 (table 1).
M o d e l b u i l d i n g a n d e v a l u a t i o n Th e Maxent soft ware (version 3.3.3e) was utilized for modeling (http://www.cs.princeton.edu/schapire/ maxent/), using the default settings. Logistic output format was used to describe the probability of presence (Phillips and Dudık 2008) , which is a continuous habitat suitability range between 0 (unsuitable) and 1 (the most suitable). Maxent was run ten times (using all predictor variables) for each species in order to get average prediction. A bootstrapping replication technique was applied to the dataset which uses all occurrence data to build the model. Th is method is optimal for dataset with few occurrences such as, for instance, B. variegata. Th e outputs in ASCII format were processed and visualized using DIVA GIS 7.5. Th e Jackknife analysis was used to indicate the most informative variables (in corresponding percentages > 10 %) and a look at the response curves from Maxent helps to establish the relative importance of each variable. Th e accuracy and performance of species distribution models were evaluated using threshold-independent receiver operation characteristic (ROC) analysis (Elith et al., 2006; Phillips et al., 2006) . Th e area under the ROC curve (AUC) ranges between 0 and 1. Models with an AUC value higher than 0.7 are considered acceptable (Swets, 1988) .
Th e logistic probabilities provide a relative indication of the likelihood of occurrence by the species, but they do not defi ne predicted occurrence in the binary, presence/absence manner typically required by managers. Th erefore, we applied three thresholds to the logistic output of each model to produce a four-category model, ranging from "Very Low" to "High" predicted probability of occurrence. Th e "Very Low" category contained logistical values ranging between 0 and the "Minimum Training Presence" (i. e., the logistic prediction for the training presence point with the lowest logistic prediction value). Th e "Low" category represented logistical values ranging from the "Minimum Training Presence" value to the "Maximum Training Sensitivity Plus Specifi city" threshold (i. e., that threshold which maximizes the sum of sensitivity and specifi city for the training Bio 7: Temperature Annual Range (°C x 10) data). Th e "Moderate" category contained values ranging from the "Maximum Training Sensitivity Plus Specifi city" threshold to the "50th Percentile Training Presence" (i. e., the threshold representing the median logistic prediction value for all training presences). Finally, the "High" category contained values ranging from the "50th Percentile Training Presence" value to 1. Binary predictions were considered choosing the "minimum training presence" threshold (i. e., the logistic prediction for the training presence point with the lowest logistic prediction value) (Liu et al., 2005) . Final versions of maps were considered to benefi t by a simple smoothing fi lter as one of the means for coping with observation bias (Home et al., 2007) and generalizing raster outputs: 3 x 3 neighborhood fi ltering implemented in DIVA GIS was applied for this purpose.
Results and discussion

F a c t o r s a s s o c i a t e d w i t h ( s p e c i e s ) h a b i t a t d i s t r i b u t i o n
Th e Jackknife test of variable importance showed that Bio 11 (the mean temperature of coldest quarter) was one of the most important factors in habitat distribution prediction for amphibians in the region (table 2): 12 species out of 13, particularly B. variegata (fi g. 1), have ecological requirements dependent on Bio 11, obviously having a negative impact on winter survival. Th e only exception is P. esculentus: the modeling suggests precipitation of the coldest quarter (Bio19) has greater signifi cance for the species -lower levels (around 90-95 mm) favor predicted presence probability, whereas levels around 125-130 mm force the probability down to almost zero.
Th e other bioclimatic variable widely aff ecting habitat distribution prediction for amphibians in the region is Bio 3 (isothermality). For at least 6 species (B. bombina, H. arborea, P. fuscus, P. lessonae, L. vulgaris and T. cristatus; the percent contribution of Bio 3 > 20 %) optimality (according to the response curves) is reached at values around 26.5-27.5 and below these there is an exclusively sharp drop of predicted presence probability towards zero, clearly indicating the negative infl uence of "temperature unevenness" over the course of a year (fi g. 2; P. fuscus taken for an example). On the other hand, excessive isothermality too negatively infl uences the predicted presence probability, but the eff ect is somewhat smoother (in the case of P. fuscus the predicted presence probability drops to about 0.2). Of the non-bioclimatic variables a profound contribution in predicting the species geographic distribution models for 11 species has been displayed by the Human Footprint. Th e HF percent contribution reaches values ranging from 12.4 % (for R. arvalis) to 27.2 % (for B. viridis). Surprisingly (or not), the HF positively aff ects predicted presence probability (fi g. 3; T. cristatus taken for an example). Th is is a highly interesting fi nding. Indeed, the relationships between human factors and biodiversity are important to assess the risk of extinction as human pressures are oft en related to large changes in biological diversity. However, the literature shows contradictory results. Previous studies report that human infl uence may aff ect species' spatial distribution both negatively and positively (Young et Рис. 1. Реакция Bombina variegata на воздействие Bio 11: ось x -средняя температура наиболее холод-ного квартала (°C x 10); ось y -логистический формата значений модели (вероятность присутствия). . On one hand, human factors, such as human activities and, in particular, the alteration of habitats (Kiesecker et al., 2001 ) are major causes of biodiversity loss (Brooks et al., 2002) . On the other hand, several studies have shown a positive relationship between human density and biodiversity, indicating that species-rich areas and human enterprises quite oft en co-occur (Luck, 2007) . One reason may be that though human population is concentrated in regions critical for amphibians, there is still a substantial amount of intact habitat in many of these regions. Nevertheless, amphibians have been found breeding in a variety of habitats that are substantially diff erent from their former pristine breeding habitats (Rubbo, Kiesecker, 2005) , so native wildlife can oft en adapt to novel and altered habitats, given suitable conditions. In North America and in Australia, for instance, human infrastructure provided benefi cial environments to some amphibian species (Tyler et al., 2007) . Our assumption too is that human-constructed habitats such as ponds, fi sh farming facilities etc. have realized (or are on their way to realizing?) their potential to provide habitat for most of the amphibian species in the study area, a phenomenon that perhaps is much more widespread than thought. Beyond this general trend are only 2 species: B. variegata and R. temporaria, but this is just because the HF percent contribution to the predicted presence probability of these species is not so profound -2.4 % and 7.8 %, respectively.
P o t e n t i a l d i s t r i b u t i o n s o f t h e s p e c i e s
Based on the maximum entropy modeling algorithm and using 11 environmental variables (VIF < 10), we obtained 13 raster outputs modeling the distribution of the corresponding study species. Models providing an excellent prediction have an AUC > 0.9 (these are models for 7 species, see table 3) and fair models having an AUC between 0.7 and 0.9 (in fact, > 0.8) have been produced for the remaining species. Models with AUC < 0.7 are considered poor (Swets, 1988) .
Th e resulting models contain four categories indicating the relative likelihood of occurrence for each species. Th ese categories may be used to determine whether sitespecifi c surveys are needed if a management action (e. g., establishing a protected area) is being planned. Areas categorized as "Very Low" are the most unlikely to host populations Рис. 3. Реакция Triturus cristatus на воздействие фактора «человеческого следа»: ось x -индекс «челове-ческого следа»; ось y -логистический формата значений модели (вероятность присутствия). of the species, and may suggest that site surveys for the species are not warranted within an area prior to management activities. Conversely, areas mapped as "Moderate" or "High" are likely very suitable for the species and suggest that surveys should be conducted prior to management actions to determine whether the species is present and the degree to which it may be impacteTh e case of B. variegata can exemplify this approach. Th is toad has been considered as far as the northern margin of the home range of the species runs through the study area, meaning populations here are highly fragmented and more vulnerable to impact than elsewhere (Sobolenko, 2010) . Results for B. variegata predict that only 8.1 % of the area is of "High" and 11.2 % of "Moderate" suitability for the species (table 3) . Together these areas (likely to be very suitable for the species) are shaded in dark gray on the map (fi g. 4.), and they in the fi rst place should be of interest to nature conservationists targeting the species. For instance, in Ternopil Oblast the most promising areas for protection of the species are located alongside the Dniester River, particularly within the districts (rayons) of Zalischyky and Borshchiv. By overlaying the binary maps derived for separate species that indicate either presence or absence, a summarizing species richness map was produced (fi g. 5): light gray areas are predicted to accommodate 1 to 5 species, darker ones -from 6 to 10 species, and the darkest -11 to 13 amphibian species. As seen, some of the richest areas in term of amphibian species composition are rayons of Chortkiv, Zalischyky, Borshchiv and Kamyanets-Podilskiy.
Together, in such a way predictive distribution models can be used to protect rare species and species' assemblages, but as far as amphibians represent an exceptional group of species that are highly sensitive to environmental change it may be that protecting amphibians the human society can succeed in protecting itself from habitat degradation and the collapse of supporting ecosystems.
